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MACHINES, ARTIFICIAL INTELLIGENCE,
AND THE WORKFORCE: RECOVERING AND
READYING OUR ECONOMY FOR THE FUTURE

THURSDAY, SEPTEMBER 10, 2020

HOUSE OF REPRESENTATIVES,
COMMITTEE ON THE BUDGET,
Washington, D.C.

The Committee met, pursuant to notice, at 1:04 p.m., via Webex,
Hon. John A. Yarmuth [Chairman of the Committee] presiding.

Present: Representatives Yarmuth, Boyle, Schakowsky, Kildee,
Panetta, Morelle, Scott, Jackson Lee, Sires, Khanna; Womack,
Woodall, Johnson, Flores, Hern, Burchett, and Jacobs.

Chairman YARMUTH. This hearing will come to order. Good after-
noon and welcome to the Budget Committee’s hearing on Machines,
Artificial Intelligence, and the Workforce: Recovering and Readying
Our Economy for the Future.

Before we begin, I want to welcome the newest Member of the
Budget Committee, Chris Jacobs. Welcome, Chris. Before coming to
Congress, Chris was a New York State Senator, and the Committee
is happy to have you here.

Mr. JAcoBs. Thank you.

Chairman YARMUTH. Now before I welcome our witnesses, I will
go over a few housekeeping matters.

At the outset, I ask unanimous consent that the Chair be author-
ized to declare a recess at any time to address technical difficulties
that may arise with such remote proceedings.

Without objection, so ordered.

As a reminder, we are holding this hearing virtually in compli-
ance with the regulations for committee proceedings pursuant to
House Resolution 965. First consistent with regulations, the Chair,
or staff designated by the Chair, may mute participants’ micro-
phones when they are not under recognition for the purpose of
eliminating inadvertent background noise.

Members are responsible for unmuting themselves when they
seek recognition or when they are recognized for their five minutes.
We are not permitted to unmute Members unless they explicitly re-
quest assistance. If I notice that you have not unmuted yourself,
I will ask you if you would like the staff to unmute you. If you indi-
cate approval by nodding, staff will unmute your microphone. They
will not unmute you under any other circumstances.

Second, Members must have their cameras on throughout this
proceeding and must be visible on screen in order to be recognized.
As a reminder, Members may not participate in more than one
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committee proceeding simultaneously. For those Members not
wanting to wear a mask, the House rules provide a way to partici-
pate remotely from your office without being physically present in
the hearing room.

Now, I will introduce our witnesses.

This afternoon we will be hearing from Dr. Susan Athey, Eco-
nomics of Technology Professor at Stanford Graduate School of
Business, and Associate Director at the Stanford Institute for
Human Centered Artificial Intelligence.

Dr. Daron Acemoglu, Institute Professor of Economics at the
Massachusetts Institute of Technology.

Dr. Darrell West, Vice President and Director of Governance
Studies at the Brookings Institution.

And Dr. Jason Matheny, Director for the Center For Security and
Emerging Technology at Georgetown University and Commissioner
for the National Security Commission on Artificial Intelligence,
who I might add has just informed me he is from Louisville, Ken-
tucky, so we are especially glad to have him here with us.

Thank you all for being with us today.

I will now yield myself five minutes for an opening statement.

This year Labor Day felt different than previous years. While
most of us still honored our workers and celebrated their vital con-
tributions to our nation, especially our frontline workers, we also
recognize the hardships faced by millions of laid off Americans and
their families struggling to get by amid global pandemic and the
worst economic downturn since the Great Depression.

Yet these twin crises have amplified problems that existed long
before the coronavirus: devastating healthcare inequities, the loss
of stable well-paying jobs, and stagnating wages. While our econ-
omy has slowed, exacerbating these underlying issues, techno-
logical change has marched on creating even more challenges.

As we look to the future artificial intelligence, or Al, has signifi-
cant potential to disrupt the world. It presents opportunities to im-
prove lives, livelihoods, productivity, and equality. However, it also
poses serious risks of large scale economic changes.

Today’s hearing will help us ground our thinking in facts and
better prepare for this impending economic transition.

Like the arrival of the steam engine, electricity, and computers,
Al will reshape a broad swath of industries and jobs. However, his-
tory shows us that while technological advancements can create
new jobs that increase productivity and growth, these benefits have
been paired with the elimination of old jobs and increased inequal-
ity as some workers are left behind.

Today we are losing jobs because the administration’s failed re-
sponse to the pandemic and economic crisis, but as the economy
eventually recovers, workers may find it difficult to get their job
back as companies replace jobs with new Al enabled automation.

So while advancements in Al technologies could create more op-
portunities for workers with advanced education or specialized
skills, workers without these skills could see fewer opportunities in
the niar future, and it is low and middle waged jobs that are most
at risk.

Since the mid-1980’s, but prior to the pandemic, 88 percent of
middle skilled job losses associated with the automation of routine
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tasks took place within 12 months of a recession. Absent concerted
efforts to foster inclusive recovery, Al and automation could exacer-
bate income inequality, widen racial and gender income gaps, and
push more people into poverty when we eventually emerge from
this recession.

There is already a large and persistent racial wealth gap in
America. And since Black and Latino Americans are over rep-
resented in occupations at high risk for automation, they are dis-
proportionately at risk of job and wage losses. Additionally, there
are 40 percent more women than men who work in occupations at
high risk for automation.

The Organization for Economic Cooperation and Development es-
timates that Al and automation could eliminate upwards of 14 per-
cent of today’s jobs and disrupt an additional 32 percent.

Current Al technologies have also raised concerns around repli-
cating human biases and discrimination in algorithms. Given the
range of Al applications emerging in employment, housing,
healthcare, financial services, and criminal justice, improved trans-
parency and oversight are needed to ensure Al tools do not rep-
licate or expand discriminatory practices.

Just like previous technological breakthroughs, Al will broadly
impact the federal budget. Along with IT modernization, Al can di-
rectly improve the efficiency and effectiveness of government oper-
ations leading to savings.

With the industry set to generate additional economic activity of
up to $13 trillion worldwide by 2030, Federal R&D investments
will remain essential to U.S. leadership and competitiveness in Al
technology. However, the benefits will only be available to all
Americans if paired with strategic investments to support our
workforce through this impending evolution.

The pandemic and economic crisis have already shown that in-
come security and related programs are crucial for supporting
Americans during challenging times. The shifting job landscape ex-
pected with widespread Al implementation could further dem-
onstrate this need. This will require strong federal investments and
social programs and affordable healthcare, childcare, and housing,
?s well as new approaches for retraining and upskilling our work-
orce.

IBM estimates that between 2019 and 2022, more than 120 mil-
lion workers in the world’s 12 largest economies may need to be re-
trained and reskilled as a result of Al-enabled automation. If we
fail to plan ahead, the underlying problems illuminated by the pan-
demic and recession will continue to create barriers to success for
American workers.

We have a responsibility to get Americans through the COVID
crisis, but we also must address the long-term economic challenges
we know are coming. These issues are complicated and nuanced,
but that is why we are here today. With the help of our expert wit-
nesses, we can begin to chart a path forward that leads to inclusive
economic growth, broad social benefits, and a better prepared work-
force.

I look forward to learning more about the magnitude of the po-
tential changes to our economy and job market and the federal
policies that will be needed in response.
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I now yield five minutes to the Ranking Member, Mr. Womack,
of Arkansas.
[The prepared statement of Chairman Yarmuth follows:]
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Chairman John A. Yarmuth
Hearing on Machines, Artificial Intelligence, & the Workforce:
Recovering & Readying Our Economy for the Future
Opening Statement
September 10, 2020

This year, Labor Day felt very different than previous years. While most of us still honored our workers
and celebrated their vital contributions to our nation — especially our frontline workers - we also
recognized the hardships faced by millions of laid-off Americans and their families, struggling to get by
amid a global pandemic and the worst economic downturn since the Great Depression.

Yet these twin crises have amplified problems that existed long before the coronavirus: devastating
health care inequities, the loss of stable, well-paying jobs, and stagnating wages. While our economy has
slowed — exacerbating these underlying issues — technological change has marched on, creating even
more challenges.

As we look to the future, artificial intelligence (or Al) has significant potential to disrupt the world. it
presents opportunities to improve lives, livelihoods, productivity, and equality. However, it also poses
serious risks of large-scale economic changes. Today’s hearing will help us ground our thinking in facts
and better prepare for this impending economic transition.

Like the arrival of the steam engine, electricity, and computers, Al will reshape a broad swath of
industries and jobs. However, history shows us that while technological advancements can create new
jobs and increase productivity and growth, these benefits have been paired with the elimination of old
jobs and increased inequality as some workers are left behind.

Today we are losing jobs because of the Administration’s failed response to the pandemic and economic
crisis. But as the economy eventually recovers, workers may find it difficult to get their job back as
companies replace jobs with new Al-enabled automation. So, while advancements in Al technologies
could create more opportunities for workers with advanced education or specialized skills, workers
without these skills could see fewer opportunities in the near future. And it’s low- and middle-wage jobs
that are most at risk.

Since the mid-1980s, but prior to the pandemic, 88 percent of middle-skill job iosses — associated with
the automation of routine tasks — took place within 12 months of a recession. Absent concerted efforts
to foster an inclusive recovery, Al and automation could exacerbate income inequality, widen racial and
gender income gaps, and push more people into poverty when we eventually emerge from this
recession. There is already a large and persistent racial wealth gap in America, and, since Black and
Latino Americans are overrepresented in occupations at high risk for automation, they are
disproportionately at risk of job and wage losses. Additionally, there are 40 percent more women than
men who work in occupations at high risk for automation. The Organisation for Economic Co-operation
and Development (OECD) estimates that Al and automation could eliminate upwards of 14 percent of
today’s jobs and disrupt an additional 32 percent.

Current Al technologies have also raised concerns around replicating human biases and discrimination in
algorithms. Given the range of Al applications emerging in employment, housing, health care, financial
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services, and criminal justice, improved transparency and oversight are needed to ensure Al tools do not
replicate or expand discriminatory practices.

Just like previous technological breakthroughs, Al will broadly impact the federal budget. Along with IT
modernization, Al can directly improve the efficiency and effectiveness of government operations,
leading to savings. With the industry set to generate additional economic activity of up to $13 trillion
worldwide by 2030, federal R&D investments will remain essential to U.S. leadership and
competitiveness in Al technology. However, the benefits will only be available to all Americans if paired
with strategic investments to support our workforce through this impending evolution.

The pandemic and economic crisis have already shown that income security and related programs are
crucial for supporting Americans during challenging times. The shifting job landscape expected with
widespread Al implementation further demonstrates this need. This will require strong federal
investments in social programs, in affordable heaith care, child care, and housing, as well as new
approaches for retraining and upskilling our workforce. IBM estimates that between 2019 and 2022,
more than 120 million workers in the world’s 12 largest economies may need to be retrained and
reskilled as a result of Al-enabled automation.

If we fail to plan ahead, the underlying problems illuminated by the pandemic and recession will
continue to create barriers to success for American workers. We have a responsibility to get Americans
through the COVID crises, but we also must address the long-term economic challenges we know are
coming.

These issues are complicated and nuanced, but that’s why we are here today. With the help of our
expert witnesses, we can begin to chart a path forward that leads to inclusive economic growth, broad
societal benefits, and a better-prepared workforce. | look forward to learning more about the
magnitude of the potential changes to our economy and job market, and the federal policies that will be
needed in response.
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Mr. WOMACK. And I thank the Chairman for holding this hearing
and my thanks to the witnesses who will be with us today.

I would like to also add my bit of welcome to Chris Jacobs, the
newest Member of the Committee, native of Buffalo, New York.
Long history of public service, Erie County clerk, state Senator now
joining us as a Member of Congress. This isn’t his first tour of duty
at the Capitol. He began his career working for former Congress-
man and Buffalo Bill quarterback Jack Kemp.

Chris, welcome to the Budget Committee. To your wife and
daughter, Martina and Anna, thank you for allowing your husband
and father to continue his public service career by spending time
in Washington with all of us. Chris, we welcome you to the Com-
mittee.

We are here to talk about AI capabilities, both current and fu-
ture, and the impacts on the economy and the federal budget. It
is a critical technology to be sure that will benefit the lives of many
Americans and touch nearly every sector of the U.S. economy.
While it will likely change the way many jobs are performed as
technological advances have for many decades, we must harness
the capabilities of Al to help drive our economy and society for-
ward.

Congress has to ensure that its actions do not stifle innovation,
rather government should work in partnership with the private
sector to move our country forward in AI research and develop-
ment.

By making strategic federal investments in Al R&D, Washington
can help unleash America’s pioneering and entrepreneurial spirit.
It also means creating a regulatory environment that supports, not
hinders, private industry by allowing technological advancements
to flourish in a safe, trustworthy, and effective way. Congress
should also move to encourage more American high-tech manufac-
turing in general.

The U.S. currently relies on countries located in geopolitical hot
spots for many critical components and as the coronavirus pan-
demic has shown with medical supplies, we need to ensure we have
reliable, secure, and diverse supply chains for vital materials.

Now while this is an interesting, important topic, it should not
be the reason why the Budget Committee is convening this after-
noon, in my strong opinion.

The dire fiscal outlook—notably the recent deficit and debt pro-
jections—and the discussion on how to tackle these challenges
should be the focus of today’s Committee meeting. Last week the
Congressional Budget Office released its budget outlook update,
and let me tell you the findings are incredibly sobering, but not
surprising.

We did not do our job when this pandemic—before the pandemic
hit. This Committee is charged with writing a budget to put our
country on a responsible fiscal path, but we failed in that duty.
Once COVID hit, we were obligated to respond to the crisis. For
those of you who don’t know, let me summarize where our nation
stands fiscally. And let me just warn you, it isn’t good.

The deficit for fiscal 2020 is protected to be $3.3 trillion, more
than triple the previous year’s deficit and by far the highest in
American history. Every single year for the next 10 years, CBO is
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projecting that annual deficits will exceed a trillion dollars and
total $13 trillion over this period.

The public debt is projected to be larger than the size of the en-
tire economy by next year, that is 104 percent of GDP, and will
continue to increase to more than $33 trillion by fiscal 2030. That
is 109 percent of projected GDP. Once again, CBO confirmed the
driver of the fiscal problem, federal spending, particularly manda-
tory spending.

Mandatory spending, including interest payments on the debt is
expected to account for 75 percent of total federal spending by
2030. And I don’t need to be the guy to tell you, you already know.
That is squeezing resources for many discretionary priorities. The
job of this Committee is to write a budget resolution that sets a fis-
cal path for the government to follow. We didn’t write one. We
don’t have one. Instead of considering a budget resolution, we are
talking about artificial intelligence, which is, as I mentioned before,
while an interesting topic and an important topic, it is not the
mandate of this Committee.

The Democrat majority has neglected to do a budget resolution
for the past two years. CBO’s projections illustrate the necessity for
the Democrat majority to do its job—write and pass a budget reso-
lution that provides a responsible, fiscal framework to correct this
current, fiscal trajectory.

With that, I look forward to hearing from our witnesses, and al-
ways look forward to the discussion. Thank you, Mr. Chairman.

I will yield back the balance of my time.

[The prepared statement of Steve Womack follows:]
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BUDGET Rep. Steve Womack

REPUBLICANS Hanking Member

Ranking Member Steve Womack (R-AR-3) Opening Statement

Hearing: “Machines, Artificial Intelligence, & the Workforce: Recovering &
Readying Our Economy for the Future”

September 10, 2020

(Remarks as Prepared for Delivery)

Thank you, Chairman Yarmuth, for holding this hearing, and thank you
to our witnesses for joining us today.

1would like to welcome one more person - Representative Chris Jacobs,
the newest member of the Committee. A native of Buffalo, New York,
Chris has a long history of public service - as Erie County Clerk, a state
senator, and now joining us as a Member of Congress. This isn’t his first
tour of duty in the Capitol. He began his career working for former
Congressman - and Buffalo Bills quarterback - Jack Kemp. Chris -
welcome to the Budget Committee. And to your wife and daughter,
Martina and Anna, thank you for allowing your husband and father to
continue his public service career by spending time in Washington.
Chris, welcome.

We are here today to talk about artificial intelligence (Al) capabilities -
both current and future - and the impacts on the economy and federal
budget.
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Al is a critical technology that will benefit the lives of many Americans,
and touch nearly every sector of the U.S. economy. While it will likely
change the way many jobs are performed, as technological advances
have for many decades, we must harness the capabilities of Al to help
drive our economy and society forward. Congress must ensure that its
actions do not stifle innovation. Rather, government should work in
partnership with the private sector to move our country forward in Al
research and development (R&D).

By making strategic federal investments in Al R&D, Washington can help
unleash America’s pioneering and entrepreneurial spirit. This also
means creating a regulatory environment that supports - not hinders -
private industry by allowing technological advancements to flourishin a
safe, trustworthy, and effective way.

Congress should also move to encourage more American high-tech
manufacturing in general. The U.S. currently relies on countries located
in geopolitical hotspots for many critical components, and as the
coronavirus pandemic has shown with medical supplies, we need to
ensure we have reliable, secure, and diverse supply chains for vital
materials.

While this is an interesting and important topic, it should not be the
reason why the Budget Committee is convening this afternoon.

The dire fiscal outlook - notably the recent deficit and debt projections
- and a discussion on how to tackle these challenges should be the
focus of today’s Budget Committee meeting. Last week, the
Congressional Budget Office (CBO) released its budget outlook update,
and, let me tell you, the findings are incredibly sobering but not
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surprising. We did not do our job before the pandemic hit. This
Committee is charged with writing a budget to put our country on a
responsible fiscal path. We failed that duty. Once COVID-19 hit, we were
obligated to respond to the crisis. For those of you who don’t know, let
me summarize where our nation stands fiscally. it isn’t good.

The deficit for fiscal year 2020 is projected to be $3.3 trillion, more than
triple the previous year’s deficit and by far the highest in American
history. Every single year, for the next 10 years, CBO is projecting that
annual deficits will exceed one trillion dollars and total $13 trillion over
the period. The public debt is projected to be larger than the size of the
entire economy by next year (104 percent of GDP) and will continue to
increase to more than $33 trillion by fiscal year 2030 (109 percent of
GDP). Once again, CBO confirmed the driver of the fiscal problem:
federal spending, particularly mandatory spending. Mandatory
spending, including interest payments on the federal debt, is expected
to account for 75 percent of total federal spending by 2030, squeezing
out resources for important discretionary priorities, including
investmentsin Al

The job of this Committee is to write a budget resolution that sets a
fiscal path for the government to follow. We didn’t write one; we don’t
have one. Instead of considering a budget resolution, we are talking
about artificial intelligence, which, as | mentioned before, while an
interesting topic, is not the mandate for this Committee. The Democrat
Majority has neglected to do a budget resolution for the past two years.
CBO’s projections illustrate the necessity for the Democrat Majority to
do its job: write and pass a budget resolution that provides a
responsible fiscal framework to correct the current trajectory.
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With that, | look forward to hearing from our witnesses, and | look
forward to today’s discussion. Thank you, Mr, Chairman. | yield back.
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Mr. WoMAcCK. Chairman, you’ll need to unmute, I think.

Chairman YARMUTH. Thank you. Should be up to that by now.

In the interest of time, once again, if any additional Member has
an opening statement, you may submit those statements electroni-
cally to the Clerk for the record.

Once again, I want to thank our witnesses for being here this
afternoon. The Committee has received your written statements
and they will be made a part of the formal hearing record. Each
of you will have five minutes to give your oral remarks. As a re-
minder, please unmute your microphone before speaking.

I now introduce and yield five minutes to Dr. Susan Athey.
Please unmute your mike and begin when you are ready.

STATEMENTS OF SUSAN ATHEY, PH.D., ECONOMICS OF TECH-
NOLOGY PROFESSOR, STANFORD GRADUATE SCHOOL OF
BUSINESS, AND ASSOCIATE DIRECTOR, STANFORD INSTI-
TUTE FOR HUMAN-CENTERED ARTIFICIAL INTELLIGENCE
(HAI); DARON ACEMOGLU, PH.D., INSTITUTE PROFESSOR OF
ECONOMICS, MASSACHUSETTS INSTITUTE OF TECHNOLOGY;
DARRELL WEST, PH.D., VICE PRESIDENT AND DIRECTOR OF
GOVERNANCE STUDIES, BROOKINGS INSTITUTION; JASON
MATHENY, PH.D., FOUNDING DIRECTOR, CENTER FOR SECU-
RITY AND EMERGING TECHNOLOGY AT GEORGETOWN UNI-
VERSITY, AND COMMISSIONER, NATIONAL SECURITY COM-
MISSION ON ARTIFICIAL INTELLIGENCE

STATEMENT OF SUSAN ATHEY, PH.D.

Dr. ATHEY. Hello, Chairman Yarmuth, Ranking Member
Womack, and Members of the Committee. Thank you so much for
inviting me to speak today.

Artificial intelligence seems to inspire extreme views. Some focus
on a future where robots take all the jobs, while others point out
that so far its effects on the economy are barely detectable. My own
view is that Al has enormous positive potential for society and for
the efficiency and finances of government, and that governments
and universities have a crucial role to play in ensuring that the po-
tential is realized.

Al, of course, also creates challenges, contributing to an era
where workers transition more frequently and require more
reskilling throughout their careers. So we need to ensure that our
institutions are prepared to meet this reality, especially in light of
the many fiscal and labor market challenges created by an aging
population and workforce. But when R&D is directed at technology
that augments human workers and support citizens in their lives
and health, we may be able to expand the circumstances in which
people engage in rewarding work while experiencing a high-quality
of life in areas with a more moderate cost of living.

Some of the most promising areas where technology can be part
of the solution include education, training, remote work, medicine,
and government services. In each case, digital technology powered
by Al can be used to make services cheaper to provide, higher qual-
ity, more tailored to the individual need, and substantially more ac-
cessible and convenient.



14

The accessibility matters particularly to people with limited time,
like working people with caregiving responsibilities and especially
rural residents who face a dual burden of high transportation costs
and insufficient density to support specialized services and job op-
portunities in their local communities.

One reason the potential is so great for these problems is that
digitization and the adoption of AI can lead to low marginal cost
scalable and thus more efficient services.

Digitization and Al are inextricably linked to measurement and
optimization, which naturally improves the accountability and ef-
fectiveness of the organizations who adopt them, including the gov-
ernment. In addition, general trends that have led to the rapid dif-
fusion of AI relate to the lowered fixed cost in time required to
adopt it.

One trend is just a digitization of everything from consumer
interactions to supply chains. That creation of data is what powers
and makes possible Al to be an optimization. The way IT is imple-
mented has also changed. Cloud computing allows companies to
rent computing as they need it rather than buy allowing infrastruc-
ture to be shared across firms and that reduces cost.

Software as a service lets companies subscribe to services and
purchase the best products use case by use case and that software
as a service then can also make available AI and machine learning
innovation without firms having to do that R&D themselves.

Finally, we have seen a big expansion of open source software
and, in general, data management analytics tools are widely avail-
able. They are shared across firms and across academia, and thus
diffuse very quickly. The latest machine learning algorithms are
typically free. For example, for my class we used algorithms that
we downloaded that were trained using Facebook’s image data set-
ting computing infrastructure allowing the students to move on to
the analytics on top of the image recognition.

The reason that firms are willing to share those types of algo-
rithms is that it is customer relationships and data, as well as
know-how to optimize the algorithms at large scale that give com-
panies their competitive advantage.

And the general purpose technologies in algorithms have actually
been fairly widely available. That means the cost of developing
services is reduced as these general purpose innovation from aca-
demia and for-profit organizations can be repurposed by entre-
preneurs, governments, and social impact organizations.

Now an important precursor to a policy discussion is
demystifying the technology. In practice, rather than sort of gen-
eral intelligence, most of what we have seen in the past 15 years
can be thought of as more automation on steroids. For software,
automation is like following prespecified rules without real-time
human direction, but the latest innovations have concerned imple-
menting automation using decision rules that are learned from
past data using machine learning.

And a common example of machine learning and algorithm
might take as input a digital photo and output a guess of what ani-
mal is in the photo.

Traditionally, analysts had to do a lot of manual work to cus-
tomize the statistical models so the models were simplified, but
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modern machine learning allows the analyst to just feed in raw
data and the algorithm does a lot of work to determine what is im-
portant for the task. This makes things general purpose, but the
fact that they are general purpose also means they are black boxed
and sometimes even the engineers building them don’t understand
them. Thus we need a lot more research and best practices to make
sure that this technology is implemented safely and without unin-
tended consequences.

Just to close, machine learning is diffusing across the economy
use case by use case, but in most cases, this has led to an incre-
mental innovation and incremental changes over time rather than
sudden shifts.

So I look forward to continuing the discussion in the question
and answer. Thank you.

[The prepared statement of Susan Athey follows:]
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Susan Athey
The Economics of Technology Professor, Stanford Graduate School of Business
Written Testimony
House Committee on the Budget

Hearing on Machines, Artificial Intelligence, & the Workforce: Recovering & Readying
Our Economy for the Future

September 10, 2020

Chairman Yarmuth, Ranking Member Womack and Members of the Committee,

Thank you for inviting me to speak today. Artificial intelligence (AD) seems to inspire
extreme views among policy analysts: some focus on a future where robots take all the jobs,
while others argue that its effect will be no different than previous rounds of technological
innovation. My own view is that AT has enormous positive potential that should not be ignored,
and that governments and universities have a crucial role to play in ensuring that the potential is
realized. At the same time, it will create some challenges, contributing to an era where workers
transition more frequently and require more ongoing training and reskilling throughout their
careers. If we invest carefully in making technology and innovation part of the solution, Al can
achieve its potential and even contribute to addressing a variety of societal and fiscal challenges
that loom before us.

An important precursor to a policy discussion about Al is a grounding in the technology,
including a clear framework for understanding what it can and cannot do. Once Al is
demystified, it is easier to assess its potential for impact, both positive and negative, as well as to
interpret the data we have so far about how it affects the economy.

Artificial Intelligence, Automation and Software
Ideally, artificial intelligence refers to intelligent machines, where by “intelligent” we

mean truly smart, for example capable of reasoning. In practice, most of what we’ve seen in the
past fifteen years, and what I believe we will continue to see in the near future, can be better
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thought of as “automation on steroids.” Thinking in terms of automation can guide the
discussion in a more realistic direction, and also helps remind us of the limitations of Al

Traditional automation in turn refers to physical machines or software that follow
pre-specified rules or routines for interacting with its environment without real-time human
direction.

One kind of automation that has expanded dramatically over the last few decades consists
of a set of rules conceived of and written by humans, and executed by software. An automated
telephone system that requires you to choose from a series of menus is a simple example of this;
these systems evolved from phones, to websites, and more recently to chatbots. However, more
complex systems have also been programmed using human-specified rules; some of the earliest
self~driving cars encoded in software a set of scenarios and correct responses. Many educational
technology applications that advertise their ability adapt to the level of the student simply specify
what the next learning exercise should be as a function ofthe student’s answers to previous
questions using a large decision tree created manually by human experts (Golub Capital Social
Impact Lab, 2020).

Although most people wouldn’t consider a phone menu either inspiring or enjoyable,
over time, automation through websites and apps have created substantial customer value and
saved consumers large amounts of time and money. Being able to check a bank balance quickly
on the go can prevent an overdraft fee; and when airlines finally adopted technology to pull up
your flight information based on your mobile phone number, it made it much faster to make
last-minute changes to a travel itinerary. Although it can be frustrating to deal with pre-specified
menus when you have a non-standard request, a well-designed automated system can allow
consumers to get their needs met quickly, and on their own time, which may be especially
important for people working long hours or for working parents. As more and more services
digitize, we expect that a larger share of services directly provided by government or indirectly
funded by government will be accessed through automated systems.

This automation, while not sexy, can have an impact on employment. As more people
have mobile phones and learn to use bank mobile apps for more and more functions, there is less
need for a bank branch or call center with human beings available to answer questions. Indeed,
Totty (2020) documented that bank teller employment declined by 26% in the last decade, from
600,000 jobs in 2010 to about 442,000 in 2019, while the Bureau of Labor Statistics projects a
further decline of 15 percent between 2019 and 2029 (BLS, 2019). Numerous analysts have
predicted large declines in financial services employment in the near future, including not just
front-line workers but also back-office workers whose jobs involve relatively routine information
processing (Kelly, 2019).

This type of automation has increased substantially over the last decade, but much of the
change is not directly due to advances in artificial intelligence. Instead, in my view the most
impactful changes have resulted from an expansion of digitization of interactions and recording
of digital data.
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As firms interact with customers digitally, use software to manage supply chains, GPS to
track locations, and have digital recordings of many processes, it becomes natural for them to use
software to manage the data. There is an evolution through the steps of digitization, using
software to automate and process data, to more sophisticated optimization of digital processes
and machine learning from data. Although sometimes firms take several steps simultaneously, it
is more common to evolve slowly through these steps.

Alongside digitization, some other important trends include the rise of cloud-based
services (where according to analysts the global cloud computing market increased from under
$1 billion to several hundred billion dollars annually over a single decade, and today provides
services to the vast majority of businesses.) The U.S. leads the world in both supply of cloud
computing services and in adoption (IDC, 2019). Software as a service replaced the need for
company-owned computers and specialized software to do things like manage email, customer
databases, and call centers.

Even technology firms often adopt “software as a service” solutions for many purposes
rather than building their own applications. This can be efficient, as software development is
done once by a specialized team of developers and then used across many organizations. It is
also increasingly common for different software products to interact and share data through
application programming interfaces (APIs), allowing for more of a “plug and play” environment
and enabling firms to take advantage of the best software for each need. This in turn makes it
easier for firms to enter in both the technology and non-technology sectors, as they can purchase
the products they need off-the-shelf and scale their usage as they grow. This can reduce costs
associated with functions ranging from email to human resources to accounting to marketing and
sales; it can also position governments and firms to more easily take advantage of innovations in
Al

Artificial Intelligence and Machine Learning

The largest innovations in Al in the past decade have concerned automation using
decision rules learned from data, rather than human-specified rules. This is called machine
learning. For an educational application, machine learning might be used to learn what types of
reading material to recommend to a student based on past reading. With machine learning, an
algorithm takes data as input and performs tasks such as prediction and classification.

For example, an analyst building a machine learning algorithm might feed in “training
data” consisting of digital files that represent photos together with the corresponding labels for
the photos such as “cat” and “dog.” Once trained, the algorithm will take as input an unlabelled
photo and output its best guess of the label (that is, its guess of whether the photoisacatora
dog). Or, an algorithm might take in data about patients in a hospital from their electronic
medical records, and output a predicted probability of death for each patient or the predicted
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number of days each patient will stay, predictions that can be important in a time of scarce
hospital capacity, as in the COVID-19 pandemic.

Scientists and industry practitioners have built models like this for many decades, for
applications like predicting the probability that a consumer will repay a loan. However,
traditionally, the analyst had to do a lot of work to determine which variables were most
important, and models were often overly simplified. Recent advances in machine learning allow
the analyst to just feed in raw data, and the algorithm does a lot of the work to make sense of the
data. In other words, the newer tools figure out what is important from the data, and then use the
important factors to make predictions. This allows the same general purpose tools to be used
across a wide range of applications. These tools work best when there is plenty of data, as well
as a stable environment, so that the model’s performance in the future is well approximated by
how well it performs on a set of held out “test data” that is hidden from the analyst when
building the model.

The fact that the algorithms take over a lot of the work of refining statistical models
implies that algorithms can be very “general purpose,” meaning that the same general approaches
can be applied to a wide range of settings (see, e.g. Agarwal, Gans, and Goldfarb (2018) or
Brynjolfsson, Rock, and Syverson (2020) for further discussion of this). For this reason, we
have seen a rapid diffusion of machine leaming across industries and applications.

At the same time, the fact that the algorithms are general purpose and emerge from data
also create weaknesses. For example, the models can be difficult to interpret and understand
without substantial additional effort and analysis; they are “black boxes” that translate input into
output, making it challenging for even the engineers who build them to identify potential
weaknesses. The goal of training is for the algorithms to perform well on average, but
predictions may be poor for some realizations of input data, which can be a problem for
individual decisions with certain characteristics, but further can create more widespread
difficulties if the world changes in a way that makes the realizations of certain characteristics
more likely. For example, unemployment or business failure may become more likely in sectors
that previously did not experience it. In general, machine learning might make predictions
based on relationships that are not stable in the long run. For example, factors that predict loan
default may be different during the COVID-19 pandemic than at other times. In an image
classification application, cats may be associated with indoor photographs, so that an algorithm
bases its classification of a photo as showing a cat versus a dog using the background of the
photo rather than characteristics of the animals, where characteristics of the animals themselves
are more likely to remain constant across different countries, cultures, and environments for
photo sharing.

It may be difficult for the engineers that build machine learning models to even
understand the extent to which their models are fragile or unstable, let alone address the
problers or prevent them. Well-documented examples where image classification failed for
humans with darker skin highlight the pitfalls; once identified, many technology firms addressed
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the particular problems that had been pointed out, but other problems likely remain to be
identified and fixed. This remains an active and important area of research in both academia and
industry.

For related reasons, off-the-shelf machine learning models are often not suitable for
learning about cause and effect. A small research community focuses on addressing such
challenges, and indeed much of my own research focuses on how to adapt machine learning to
make it more useful for scientific discovery (Athey, 2017), disentangling cause and effect
(Athey, 2018; Athey and Imbens, 2019), and to make prediction more stable and reliable
(Chipman, 2018; Kuang et al, 2018; Kuang et al, 2020); but the most commonly applied
algorithms in practice suffer from challenges that come with the territory of black-box, general
purpose machine learning.

In spite of their limitations, there are many advantages of general purpose algorithms, and
the general purpose nature of machine learning is complementary with the trends of digitization,
cloud computing, and open source software. There has been a dramatic increase in the
availability of open source software that provides tools to manage and analyze large datasets, as
well as software to implement machine learning algorithms. Although it might at first seem
surprising, large technology firms have put a large number of software packages and algorithms
into the public domain, including algorithms that have been trained on their own large datasets.
Even a few years ago, an engineer might need to spend a lot of time to train an algorithm that
classifies images, but now it is possible to use off the shelf algorithms that companies like
Facebook have trained on their large datasets of pictures. That frees engineers to focus on other
parts of the problem, and can make it easier for academics to do research as well as for other Al
firms to enter.

For example, as a university researcher I can store terabytes of data in public cloud
infrastructure for research projects, and for just hundreds or thousands of dollars, I can analyze it
in ways that would have only been possible inside large corporations a decade ago. Tools exist
now that manage a lot of the work for distributing workloads and optimizing performance for
statistical algorithms, and I can just focus on the analytic questions without worrying so much
about the computational issues. My students can use publicly available image classifiers
developed by Facebook to detect objects in images. Anyone from a student to a startup to a large
company can use the technology. It is easy to experiment or prototype new models. What is
often scarce is not the know-how or the infrastructure, but the data or the user base.

On the other hand, some of the most computationally intensive and cutting-edge
applications of Al can be too expensive for startups or university researchers to carry out due to
large computing needs, or they may require the types of data only available within large
technology firms. For that reason, certain types of Al research have been challenging to carry out
in academia, reducing the pace of publicly available innovation in those areas (see Lazer et al,
2020 for further discussion of policy issues around access to data and infrastructure for social
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science research). Some have called for a greater investment in public infrastructure for Al to
support research and innovation (Etchemendy and Li, 2020).

Overall, digitization has decreased the costs of implementing Al which reinforces the
advancement of practical applications of Al and facilitates the diffusion of Al across industries
and applications. Cloud infrastructure has made it easier for companies to enter and compete
providing software as a service. In turn, companies providing software as a service invest in
research and development, over time adding features including those powered by machine
learning, thus making the benefits of machine learning available more broadly. Aslong as
markets are competitive, a lot of those benefits accrue to the businesses and consumers who use
the products. Of course, and this is a topic for another day, market power can sometimes be a
concemn, particularly in situations where a single firm controls access to a large group of
consumers and/or their data. However, in many cases, consumers have seen the quality and
convenience of digitally-delivered services rise or the costs fall as a result of all of this
innovation, as digital services often have low marginal cost of delivery. This potential is what
captures the imagination of Al optimists. However, there are also many unintended
consequences of all of this innovation that require careful attention, as I will discuss further
below.

Artificial intelligence and the generation of novel creations

An even more recent set of advances in artificial intelligence concerns algorithms that are
used to create original digital objects, such as stories, art, photographs or music. It is easy to see
why an observer might get the impression that Al is truly intelligent when we see a computer
create an original digital image that looks like a photograph of real human. Some of the photo
filters my children enjoy on their smartphones are another example of this technology, where the
apps produce an image of a person that is altered to look younger or older. This type of creation
is often the result of what is known as a “generative adversarial network” or GAN (Goodfellow
et al, 2014). This type of Al solves a very challenging problem; it is much easier for an
algorithm to distinguish between images of cats and dogs than to create an original image of a
cat. Telling images of cats and dogs apart might boil down to understanding the shape of cat
ears, nose, and eyes separately, without needing to specify how they relate to one another within
an image; but creating a believable photograph of a cat requires generating ears, nose and eyes
that make sense together in terms of proportions, locations relative to one another in the image,
colors, and shadows.

GANs work by combining two distinct, dueling algorithms, the generator and the
discriminator, where the discriminator has access to a dataset of objects that are labelled as real.
The generator algorithm creates fake objects, and while the discriminator builds a model that
classifies objects as real and fake based on a dataset of including the generator’s fake objects and
those that it knows are real. The algorithms battle amongst themselves. The one that creates
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fake objects keeps trying to make objects that trick the latest model built by the discriminator,
and the discriminator keeps trying to find different ways to distinguish real from fake. The fact
that the discriminator is automated (rather than a human judge) means that the generator can try a
very large number of different options, and eventually it can find something that looks good in
the sense that the discriminator can’t distinguish it from something fake. But much like the
example you’ve heard that a monkey would eventually write a classic novel if it typed long
enough, the algorithm creating fake stuff is not smart, it just did a lot of trial and error against a
computerized judge.

GAN:S already have a wide array of applications (Alqahtani et al, 2019; Brownlee, 2019),
and we may expect more to be introduced, as they have only gained widespread use in the last
few years. GANs can be useful when it is helpful to have lots of options to select from, but itis
important that the objects are original or distinct. They can generate designs for images, fabrics,
music, cartoons, email subject lines, etc. that are likely to be pleasing, but typically when
applied, humans screen the generated options in a second step. GANs can also can make
variants of existing objects with desired characteristics, €.g. a handbag with a specified shape
decorated in a certain color or style, and GANSs can also convert text to an image.

In scientific applications, GANs can be used to generate fake datasets for replication of
studies, to test algorithms, or to protect privacy of, e.g., health data. Constraints can be added to
the GAN, so that a GAN can be trained to generate objects that have desired scientific properties.
They have been used for generating potential chemical or biological compounds with useful
propertties, for example candidate drug compounds that might deserve further research
(Schmelzer, 2019).

GANSs can be problematic as well. They can be used for “deep fakes,” where convincing
videos or images appear to show politicians or celebrities in a negative light, as well as to
generate fake comments or social media posts, creating discord and anger among citizens. They
can create fake identities that can be used for financial crimes or fraud as well. The fact that
GANSs can produce a large number of unique fakes make them particularly useful for
applications where an actor repeatedly attempts to get past anti-fraud systems or algorithms
designed to screen out robots from review systems and social media.

As impressive as GANs may be, there is a big gap between being able to, say, help a
customer with a non-standard request and being able to spit out sentences that mimic human
sentences. The technology doesn’t think or reason, it just mimics patterns.

Artificial Intelligence and Autonomy

Autonomy, whereby an algorithm governs behavior of software or hardware in reaction
to a changing environment, is another key concept in artificial intelligence. A robot that
navigates obstacles to deliver an object is called autonomous; and recent advances have
improved the ability of autonomous agents to learn decision rules. A type of algorithm known as
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reinforcement learning is designed to solve a problem like winning a board game or climbing
over a wall. The algorithms actively experiment, and learn by trial and error. They break a
problem down into a set of “states of the world,” e.g. the location of chess pieces on a game
board, or what objects are perceived by a robot in a hallway. The algorithm then considers what
states it can move to from the current state, and either moves to the best option, or experiments
among alternatives to learn more about what the value is of being in different states.

Reinforcement learning generally requires a lot of training in a setting where mistakes are
not too dangerous, for example when a computer can play billions of games of chess against
other computers in order to learn what works. As impressive as it sounds, reinforcement
learning still relies heavily on pattern recognition; it isn’t developing theories of the world. The
core ideas behind reinforcement learning have been around a long time, but its performance has
advanced dramatically in large part because of improvements in machine learning that help the
algorithm automatically learn ways to effectively simplify the state space. The algorithms learn
simpler representations of the possible positions of chess pieces; just as chess students learn a
point system to determine how good their position is in a game, the algorithms assign scores to
different positions and suggest game moves that optimize the scores. The Al accomplishments
are especially impressive when there are billions of billions of possible configurations of a game
board, since human brains can’t remember that much information, but fundamentally the
algorithms are still just adding up wins and losses using a scoring system learned from many
replications of the game. Algorithms created in this way might perform arbitrarily badly if
something small changes about the environment, and they are only as good as the data they have
seen in the past, whether through simulated game play, their own experiments in previous games,
or data from past games played by humans. Thus, they still may not do well in
never-experienced environments.

Artificial Intelligence Applications and Impact

We have seen that the most commonly used categories of Al either implement
human-created decision rules, or make use of pattern recognition to derive predictions or
decision rules. Despite the inherent limitations of these categories of Al, some awe-inspiring
accomplishments have emerged; yet, it is important not to conclude from the accomplishments to
date that some sort of general intelligence will follow quickly. As discussed above, pattern
recognition has limitations, particularly performance in changing circumstances.

Machine learning and Al have had especially widespread adoption for applications when
it is possible to update the model more quickly than the environment changes, and when
prediction and classification tasks play an important role (Agrawal, Gans, and Goldfarb, 2018).
Examples of applications include digitizing input from people, including handwritten forms and
voice recognition. Image classification has many applications across industries ranging from
finance (e.g. images for insurance claims) to medicine (diagnosis). For example, AT has been
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used in medical imaging, detecting diseases or anomalies with specialist-level accuracy in some
cases {Ruamviboonsuk et al., 2019). 1t is also used to predict the likelihood of a chemical
reaction (Hao, 2020).

Machine learning and Al can be particularly useful in a setting where, in the absence of
AL human workers would need to make decisions in limited time. Although in principle, a
human worker could make a better decision than an algorithm with sufficient investment of time,
they might not have enough time to gather and absorb all of the relevant data in practice. An
example is resume screening, where often a human screener might only briefly scan a resume
before deciding if it should be prioritized for further consideration. The screener might not know
all relevant information about the quality of the secondary or university school attended by the
applicant, and they might not be familiar with the skills required for work at a particular firm in
the worker’s employment history. In contrast, an algorithm might be trained on thousands of
resumes, and can quickly process a large set of characteristics of the individual. Of course, itis
important to consider issues of bias that can arise when using algorithms in this way; careful
attention to training data and active investment in expanding the pool of workers who advance to
higher levels of the interview process are examples of approaches that may mitigate these issues.

A related application is in automation of worker screening for qualifications and
availability. Alain Dehaze, CEO of Adecco, recently reported that his firm quickly recruited
16,000 workers in Europe using a purely digital process during the COVID-19 pandemic
(Michaels, 2020).

Alis also used to prioritize resource allocation according to the risk posed by an
individual or entity. It has been used in a variety of government applications, including the
allocation of health inspectors to restaurants or home visits by child protective services workers
(Schwartz et al, 2017). AT has also been used to help judges make bail decisions (Kleinberg et al,
2018). In principle, they can improve decision quality, accountability, and equity, as they replace
rapid decisions by humans who may not have the time to consider all relevant information.
However, it should also be obvious that these types of applications require great care to
implement fairly and effectively (Glaberson, 2019), and more work is needed both by academics
and regulators to ensure that implementations of these algorithms follow best practices and are
evaluated for unintended consequences.

Applications of reinforcement learning include digital marketing, where reinforcement
learning is commonly used to figure out which of many email subject lines or headlines work
best to attract consumer clicks; and autonomous drones, robots, and delivery vehicles.

More broadly, according to McKinsey’s 2019 Al impact survey across hundreds of firms,
Al had been adopted in nearly every industry by 2018. Retail is growing most quickly, with 60
percent of respondents from retail reported that their companies have embedded at least one Al
capability in one or more functions or business units, a 35-percentage-point increase from the
2018 survey (Cam et al., 2019). Funding of Al startups in the U.S. spans a wide range of
industries. Al startups received $19.8B of investment in 2019, with top focus areas including
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Data Tools (8.1% of all startups); Medical Technology (5.3%); Fashion and Retail Technology
(4.7%); Text Analytics (4.7%), and Chatbots (3.9%) (Perrault et. al 2019, p. 92).

Impact on the Efficiency and Accessibility of Service Delivery

The impacts of automation and Al arise not just in terms of the cost of providing services,
but also in the costs of receiving services. In particular, individuals seeking services like health
and education often bear substantial costs in terms of transportation and time, which translate
into lost income, outlays for child care, or lost sleep. For those with full-time jobs or caregiving
responsibilities, it can be extremely frustrating and create economic hardship to waste time in
waiting rooms, lines, or traveling in order to access services.

Providing services digitally allows people to access services when it is convenient,
avoiding the need to take time off of work or obtain child care. Otherwise unused blocks of time
can be used to accomplish tasks such as filling out forms or acquiring job-relevant skills, and a
parent might engage in these activities while children are sleeping to avoid the need for child
care. Citizens may be more satisfied with digital services in many cases, and lower income
consumers in particular can benefit from improved access (Kuziemski, M., & Misuraca, G.,
2020). For example, Medicaid patients may experience long travel times or waits to access
health care, while providing access to telehealth has shown promising results in pilot studies
(Koehn, 2016), and the widespread adoption of telehealth during COVID has opened up new
possibilities to expand this access while simultaneously reducing costs. Access to high-quality
medical care in rural areas is another important application.

In contrast, the lack of ability to reach consumers digitally can interfere with efficient
provision of services. For example, poor IT infrastructure hampered state governments in their
efforts to provide COVID relief to individuals quickly, and it limited the scope of early programs
to deal with the pandemic (Bollag and Wilner, 2020). Even where digital provision was enabled,
as in telemedicine, concerns remain about inequality of access (Weigel et al, 2020, Anderson and
Kumar, 2017). This type of infrastructure and access must be addressed for governments to be
able to take the next step and optimize service provision using artificial intelligence.

It is perhaps more straightforward to assess the potential for efficiency benefits in terms
of reducing the cost of providing services through digitization and automation, which (after
technology is developed) reduces the number of government workers needed to provide a
service. This reduction in employment is obviously a challenge for the affected workers, but it
increases the efficiency of government. In some cases, government funds can be reallocated to
provide additional services in areas where it is harder for automation to substitute for human
workers, as in the area of education or child care.

A number of studies have attempted to assess the state of digitization as well as the
efficiency gains that are possible for governments ( see, e.g. analyses of the degree of digitization
of government services in the US (OECD, 2019); the extent of potential efficiency and cost
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savings (Eggers et al, 2017); citizen preferences and satisfaction with government services
(BCG, 2018); the use of Al in government services in developing countries (Lauron and
Stamboel, 2018)). Deloitte estimates that automation of federal government employee tasks
could save between 96.7 million and 1.2 billion hours annually, with potential savings between
$3.3 billion and $41.1 billion (Eggers et al, 2017). Categories of potential benefits include
reducing the labor cost of providing government services and avoiding corruption.

There are some challenges to undertaking large-scale digitization programs. First, the
infrastructure underlying digitization has the feature of requiring up front investments that pay
off over years, which can be difficult for companies, let alone governments, to manage well,
especially in an environment of changing technology. There are large risks for governments
undertaking large IT projects, although there are also substantial risks of retaining antiquated
systems, as described in testimony before this committee in July (Gerton, 2019). It is also
important to remain attentive to inequality in IT skills, access and adoption that make for an
uneven playing field when it comes to accessing digital services (Anderson and Kumar, 2017).

Impact on Productivity and Measurement Challenges

Like many previous technologies, it is hard to isolate the impact of Al in productivity
numbers. Despite impressive improvements in Al, not to mention many other technologies,
productivity growth has actually slowed down in the last fifteen years, from an average of over
2.4% per year between 1995-2005 to less than 1.3% per year since then (Brynjolfsson, Rock and
Syverson, 2019). That is to say, the data appears to rule out very large productivity gains from Al
or digitization in general. One explanation is that realizing the potential of new technologies
“requires large intangible investments and a fundamental rethinking of the organization of
production itself. Firms must create new business processes, develop managerial experience,
train workers, patch software, and build other intangibles. This raises productivity measurement
issues because intangible investments are not readily tallied on a balance sheet or in the national
accounts.” (Brynjolfsson, Rock and Syverson, 2020, p.2) In addition, all of the investments
required to achieve the full potential of AT may be characterized by up front investments whose
benefits take many years to realize, making it more difficult to isolate the impact.

Opportunities

Several types of opportunities stand out where Al can be an important part of the solution
to societal challenges. A first area is finance. The financial services sector is on the front line of
employment impacts from Al, but there are also a wide range of opportunities for technology to
improve access to services and to reduce costs to the point that more low-income consumers can
be served. However, challenges remain, in part because the regulatory framework for our
financial system is designed around regulating processes followed by human workers, not
regulating algorithms and automated systems. Many financial regulators lack experience and
expertise in Al, and the existing regulatory structure is not designed to handle situations where
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algorithms have a small but positive chance of making mistakes. Cost-benefit analysis is not the
primary framework used by regulators to evaluate Al projects, and firms slow their investment in
the face of regulatory uncertainty. Financial technology has the potential to be very progressive,
reducing costs of serving low-income consumers and small businesses, providing opportunities
for new startups, and introducing competition. Automation can ensure compliance and avoid a
role for human biases, while well-designed algorithms can avoid introducing new forms of bias.
A regulatory framework needs to address the benefits as well as the risks of new technology and
innovation. Of course, risks are real, as Al can be used to automate the creation of exploitive or
manipulative marketing as well as financial crimes (FINRA, 2020).

A second area where Al can be quite impactful is in the area of education and training.
The COVID-19 pandemic dramatically accelerated adoption of a wide range of educational
technology applications (Gilchrist, 2020), ranging from preschool applications like Khan Kids or
IntellectoKids (Kotlov, 2020) to upskilling programs. Companies like Coursera expanded their
free offerings and partnered with governments to allow unemployed workers to acquire new
skills, such as basic technical skills identified by employers (Training Industry, 2020). The
United States could do more to study the impact of such programs, and if effective, scale up
access to a larger group of unemployed Americans.

Many educational technology companies are in a relatively early stage of growth.
However, with the new, larger user bases they have attracted during the pandemic, companies
have the opportunity to introduce more automation and artificial intelligence into the learning
process, personalizing educational experiences, adapting to the student, and also potentially
innovating in certification and interview practice (as artificial intelligence can be used evaluate
students or create interactive scenarios for students to practice their skills). Given its outsized
impact on society, it will be important to continue to nurture the industry providing education
and training digitally, and to consider complementary investments that reduce frictions for
workers in job transitions.

More generally, the changes brought by Al will contribute to increasing rates of worker
transitions between jobs. As automation changes the organization of work, some jobs are likely
to be eliminated, and newly created jobs may require different skills. If, as in the case of call
centers, a large number of jobs in a single category is eliminated in a short period of time,
workers may need to transition to a different type of work. The use of cloud computing and
software as a service may lead to a variety of employers in the same industry automating
processes at the same time, making the transitions more challenging for affected workers. A
variety of frictions might interfere with their ability to transition.

Simon (2020) reviews research on labor market frictions, and finds that many canses of
frictions are related to individuals needing to adapt by (1) learning new skills or (2) moving to
new geographies with better opportunities. There is potential for Al and digitization more
generally to provide solutions to both of these frictions, (1) by providing convenient, accessible,
enticing and personalized education and training solutions, (2) reducing the importance of
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geography by providing remote work opportunities, and (3) improving worker access to
information and support in order to guide workers to better decisions and reduce the risk
associated with transitions.

A variety of evidence (Chen et al, 2019) also points to the importance of flexibility of
schedules for many workers, particularly workers who need to balance school or caregiving
responsibilities with work. Remote work and technology-related work may lend themselves to
flexibility, and the new approaches to work developed during the COVID-19 pandemic may
enable more such tlexibility. Other policies that complement worker flexibility may also become
important, for example policies that facilitate continuous access to health care while workers
combine retraining and part time work.

Artificial Intelligence for Worker Safety and Monitoring

Another category of application of Al concerns monitoring the activities and experiences
of workers. Although the primary motivation for the introduction of Al might be worker safety
or regulatory compliance, there are a number of potential unintended consequences.

First, consider some of the ways in which AT can be used to monitor workers. Worker
communication is increasingly digital, as it takes place through email, company-sponsored chat
platforms, or over digital conferencing systems. A variety of companies provide services
designed to translate conference calls into written notes, and it is straightforward to use machine
learning to learn to create risk scores for written communication, The relevant type of risk to be
predicted may vary by industry, but, for example, Al is already being productively deployed to
monitor communication within financial services companies to ensure compliance with
regulations, such as prohibitions on insider trading or other illegal activities (IBM and Chartis
Research, 2018; FINRA, 2020). Indeed, the term “regtech” has been coined for technology that
helps firms comply with regulations, something that ultimately will be important to consider
when thinking about cost-benefit analysis from regulations. Some regulations may become
easier and cheaper to comply with and enforce in the digital era, especially when compliance
processes can be automated and included in software as a service provided to firms in a given
industry. On the other hand, compliance failures may occur at a larger scale when many firms
use the same software.

It is also relatively straightforward for an employer to create a training dataset for a
machine learning algorithm based on video or audio recordings of employee interactions with
customers. A sample of video or audio can be watched and manually scored by human judges to
create a labelled training dataset. After training, an algorithm can be applied to all video,
creating a “predicted customer satisfaction score” for every minute of every recorded interaction.
This allows large-scale, low-cost scoring of workers. Another application would be safety
violations. Video can be labelled, or assembly line accidents or errors can be used as “labels” in
training datasets for algorithms designed to identify undesirable actions by workers. Once
trained, the algorithms can be applied to all recorded video, and those video segments that
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received poor scores could be manually reviewed to assess whether the incident was, in fact, an
example of undesirable employee behavior. This dramatically increases the efficiency of worker
monitoring by focusing human time on the portions of video most likely to be associated with
problems.

A related example concemns safety for fleets of drivers. A variety of companies sell
software that is installed on the mobile phones of drivers, where drivers are required to use the
software during working hours. The software uses the telemetry from the phone to identify
whether the driver was speeding, or whether the other safety violations took place. Drivers with
poor safety can be assigned to safety courses, or if necessary, terminated.

Similar algorithms could in principle be used in governments to ensure that government
workers provide proper service, follow rules, and don’t take bribes, similar to the use of body
cameras for police. This type of application is in an earlier stage, but there have been some
promising case studies in recent years (Aarvik, 2019).

However, as a society we will need to consider the broader implications and substantial
risks that arise alongside the large scale monitoring of workers. A variety of problems might
emerge, ranging from bias, as might occur if algorithms perform poorly on women, shorter
people, or people with darker skin; to the potential that the existence of all of this tracking can
create fodder for blackmail or extortion, It is hard to imagine that nothing embarrassing ever
happens if you are constantly monitored as a worker or as a citizen. Privacy and security of data
is already important to individuals in their leisure time, but it takes on different considerations in
the workplace.

A final issue worth considering when Al is used to augment humans in the workforce is
the extent to which reliance on Al reduces human attentiveness. Just as humans might “fall
asleep at the wheel” when using an autopilot feature in a car, workers may fail to gain experience
in certain types of tasks when the tasks are automated, or they may be insufficiently incentivized
to pay attention and gather information when Al is introduced to assist them with tasks. Thus, it
is important for firms and governments to consider the way in which Al changes both the
information and incentives for workers when it is introduced into organizations and decision
processes (Athey, Bryan, and Gans, 2020).

Additional Policy Considerations

A common mistake in thinking about Al is to focus on the harm to a small group of
people, without considering the benefits that accrue to many. Many Al applications can be
progressive, because automation and digital provision of services reduce marginal cost. On the
other hand, technical change is taking place in a context where the costs of essentials such as
housing and health care are rising faster than wages, and some of the consumer products and
services made available through technology are consumed by wealthier individuals. It is thus
important to consider overall effects as well as the context in which the innovation occurs.
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Al raises a variety of additional opportunities and challenges for our economy. Oneisa
misalignment of incentives by firms in the type of research and development that is prioritized.
Firms have incentives to invest in cost reduction, but don’t consider broader societal
consequences; thus, they may be more likely to invest in labor-replacing technology. Research
that helps explore labor augmenting technology may receive insufficient investment by the
private sector. The Stanford Institute for Human-Centered Artificial Intelligence, where I am
associate director, is attempting to prioritize research on labor-augmenting technology, but much
more investment in this type of research and development would be beneficial and more aligned
with societal objectives.

Another set of considerations concerns the geographic distribution of research,
entrepreneurship, and investment. Historically, the United States has been a leader in Al
innovation, but there is no guarantee that will continue without support for universities as well as
high-skilled immigration. Given that some parts of the Al industry are prone to concentration
due to scale economies, it can be important that the U.S. retains its leadership position in
innovation if the U.S. hopes to be the home of the world’s leading companies in the future.
Furthermore, there is no guarantee that jobs created by Al will have broad geographic
distribution within the U.S. For example, Bloom et al. (2019) suggests that between 1990 and
2007, large multinational firms offshored their production while creating new service-sector jobs.
However, the lost jobs were in the U.S. heartland, while the new service jobs were created in
high-education areas along the coasts, and were therefore taken up by very different people.
Despite this shift in the location of jobs, geographic mobility has not been a widespread way of
adjusting to the shock (Autor, Dorn, and Hanson, 2013; Autor et al., 2014).

Gruber and Johnson (2019) argue that universities, especially those with large medical
centers, can anchor cities that are large enough to grow and create jobs, and that research and
development investment (including investment funded by the government) can be effective at
spurring the innovation that drives this growth. With high cost of living and congestion in the
existing tech centers, together with tech firms embracing remote work, there may be
opportunities for timely investments in these locations that contribute to their success, expanding
the set of geographies where firms open offices with AT jobs. Technology companies consider
the size of the engineering workforce as well as the opportunities to hire from universities when
locating new satellite offices, and it has been common for veterans of larger technology
companies to start new ventures after gaining experience, which can seed new communities of
entrepreneurs outside the traditional technology hubs.

A further set of challenges facing the U.S. is related to demographics. Overall, our
working population is aging. Several countries, including the United States, may face fiscal
challenges due to demographics unless they increase either the birth rate or immigration. Varian
(2018) did analysis to suggest that using the most aggressive estimates for the impact of
automation, we are still more likely to face a worker shortage than surplus in the coming
decades. He points out that it may be hard to predict the future impact of Al but we have a lot
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of certainty about how many 40 year olds there will be in 20 years, and our population is very
likely to be much older. According to the Congressional Budget Office, the federal government
spent about one-third of its budget on seniors in 2005 (Congressional Budget Office, 2019, pp.
12-14). By last year, the share grew to 40 percent, or $1.5 trillion. The share is forecast to rise to
half of all non-interest spending, or $3 trillion, by 2029. This amounts to spending 10 percent of
the nation’s Gross Domestic Product on older adults.

Countries with aging workforces tend to invest more in automation. To mitigate
demographic challenges, we may want to consider investments in research and development that
supports the efficient provision of services to older populations, perhaps assisted by technology
to make services safer and more affordable. In addition, Al can be used to augment older
workers, making it possible for older workers to have second careers without compromising their
health. For example, robots can help workers with challenging physical tasks, while Al can
assist with tasks that traditionally required memory or attention to detail, as it can warn of
anomalies and monitor performance in real time. This removes some of the more challenging
components of work, allowing older workers to focus on activities that emphasize human
interaction and provide fulfiliment and stimulation.

Conclusions

As Al is adopted through government and the economy, it will be important for
governments to keep a close eye on the myriad challenges raised by Al. Some of them have
been raised in my testimony today, including bias, privacy, security, investment risk, reliability
and fragility of machine learning models, and the need for thoughtful regulation that includes
cost-benefit analysis. Other challenges, such as concerns about market power of large firms who
have unique access to data, are important, but beyond the scope of this testimony.

In the coming decades, as Al plays a larger and larger role in our economy and in the
provision of government services, transitions will be the new normal for workers. It will be
important for governments to address the challenges faced by workers, and also to make the
necessary investments to ensure that Al fulfills its potential as part of the solution. Since
digitally provided services have low marginal cost of delivery, Al is well positioned to contribute
to providing scalable and effective education, training, and access to government-provided and
government-funded services.
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Chairman YARMUTH. Thank you for your testimony.
I now recognize Dr. Acemoglu for five minutes. Please unmute
and the floor is yours.

STATEMENT OF DARON ACEMOGLU, PH.D.

Dr. ACEMOGLU. Chairman Yarmuth, Ranking Member Womack,
and Members of the Committee, thank you for inviting me to tes-
tify on this important subject.

The U.S. economy today and U.S. workers are suffering from
what I view as excessive automation. The extent of automation is
excessive in that it is not leading to sufficient productivity growth,
creating new tasks for humans or increasing wages.

Automation, the substitution of machines and algorithms for
tasks previously performed by labor, is nothing new. It has often
been an engine of economic growth, but in the past, for example,
during the year of the mechanization of agriculture, it was part of
a broad technology portfolio and its potentially negative effects on
labor were counterbalanced by other technologies. Not today.

Recent advances in Al and machine learning are not responsible
for these trends. In fact, Al, a broad technological platform with
great promise, can be used for helping human productivity in cre-
ating new human tasks. But it could exacerbate the same trends
if we use it just for automation.

The COVID-19 pandemic will also contribute to this predicament
as there are now more reasons for employers to look for ways of
substituting machines for workers and recent evidence suggests
that they are already doing so.

Excessive automation has already been a major drag for the U.S.
economy. Private sector spending on workers, which increased
steadily and rapidly almost every year in the four decades following
World War II, has been essentially stagnant over the last 20 years.
The decline in the share of labor in national income, the stagnation
of middle class wages, and a huge increase in inequality are all
connected to our recent unbalanced technology portfolio prioritizing
automation and not much else.

Excessive automation is not an inexorable development. It is a
result of choices and we can make different choices. While there is
no consensus on exactly what brought us to this state, we know of
a number of factors that have encouraged greater automation.
Chief among these has been the transformation in the technology
strategies of leading companies.

American and world technology is shaped by the decisions of a
handful of very large and very successful tech companies with tiny
workforces and business models centered on the substitution of al-
gorithms for humans.

There is, of course, nothing wrong with successful companies
pushing their vision, but when this becomes the only game in town,
we have to watch out. Past technological successes have often been
fueled by a diversity of perspectives and approaches. The domi-
nance of the paradigm of a handful of companies has been exacer-
bated by the dwindling support of the U.S. Government for funda-
mental research. The transformative technologies over the 20th
century, such as antibiotics, sensors, modern engines, and the
internet have the fingerprints of the government all over them. The
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government funded and purchased these technologies and often set
the agenda, but no longer.

Last but not least, government policies encouraging automation
excessively through its tax code. The U.S. tax system has always
treated capital more favorably than labor. My own research esti-
mates that over the last 40 years, via payroll and federal income
taxes, labor has paid an effective tax rate of over 25 percent.

Even 20 years ago, capital was taxed more lightly, with equip-
ment and software facing tax rates around 15 percent. This dif-
ferential has significantly widened with tax cuts on high incomes,
the shifts of many businesses to S-Corporation status that are ex-
empt from corporate income taxes, and very generous depreciation
allowances.

Software and equipment are now taxed at about 5 percent, and
in some cases corporations can get a net subsidy when they invest
in capital. This generates a powerful motive for excessive automa-
tion. One result of this has been the disappearance of good jobs, es-
pecially for workers without postgraduate degrees or very special-
ized skills.

The only way to alter this technology is to redirect technological
change. That will require changes in federal policy. A first step
would be to correct the asymmetric taxation of capital and labor.
This would go a long way, but is not sufficient by itself.

A second step is to re-evaluate the role of big tech companies in
our lives, including in the direction of technology. This, of course,
goes beyond debates about automation and Al as it relates to the
issue of limiting the size and dominance of big tech.

These measures can be strengthened with government R&D poli-
cies specifically targeting technologies that help human produc-
tivity and increase labor demand. Research policies that target spe-
cific classes of technologies are rightly controversial. They may be
particularly challenging in the context of choosing between automa-
tion and human-friendly technologies since identifying these is non-
trivial.

Nevertheless, I would like to end my comments by emphasizing
that such policies have been adopted and have had successes in the
past. Four decades ago, renewable energy was prohibitively expen-
sive and the basic know-how for green technology was lacking.
Today, renewables already make up 19 percent of energy consump-
tion in Europe and 11 percent in the United States, and have costs
in the ballpark of fossil fuel based energy. This has been achieved
thanks to a redirection of technological change away from a sin-
gular focus on fossil fuels toward greater efforts for advances in re-
newables.

In the U.S., the primary driver of this redirection has been the
government subsidies to green technologies, as well as the chang-
ing norms of consumers in society. The same can be done for the
balance between automation and human-friendly technologies.

Thank you.

[The prepared statement of Daron Acemoglu follows:]
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Chairman Yarmuth, Ranking Member Womack and Members of the Committee,

Thank you for inviting me to testify today on this important subject. Today, the U.S.
economy— and U.S. workers — are suffering from what I view as excessive automation. The
extent of automation is excessive in that it is not leading to increased productivity, creating new

tasks for humans or increasing wages.

Automation — the substitution of machines and algorithms for tasks previously
performed by labor — is nothing new. Ever since the weaving and spinning machines that
fueled British Industrial Revolution, automation has often been an engine of economic growth.
However, in the past it was part of a broad technology portfolio, and its potentially negative
effects on labor were counterbalanced by other technologies boosting human productivity and

employment opportunities. Not today.

Recent advances in Al and machine learning are not responsible for these trends. In fact,
Al a broad technological platform with diverse applications and great promise, can be used for
helping human productivity and creating new human tasks and competencies in education, health
care, engineering, manufacturing and elsewhere. But it could exacerbate the same trends if we

use it exclusively for automation.
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The COVID-19 pandemic will also contribute to this predicament as there are now more
reasons for employers to look for ways of substituting machines for workers, and recent evidence

suggests that they are already doing so.’

Excessive automation has had major costs for the U.S. economy. One aspect of this can
be seen in Figure 1, which plots private sector spending on workers (the private sector wage bill)
normalized by population. The left panel shows that private sector wage bill increased, on
average, about 2.5% faster than population in the four decades following World War II. This
meant over 2% real wage growth for the majority of the U.S. workforce during these years. This
growth (and resulting wealth) was very broadly shared. The real wages of all demographic
groups (by education, gender and race) grew more or less in tandem, and if anything, overall

inequality contracted.
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Figure 1: Evolution of US Labor Demand. From Acemoglu, Daron and Pascual Restrepo (2019) “Automation and
New Tasks: How Technology Changes Labor Demand.” Journal of Economic Perspectives, 33(2): 3--30.

! See https://assets.ey.com/content/dam/ey-sites/ey-com/en _gl/topics/ey-capital-confidence-
barometer/pdfs/22/ey-22nd-global-capital-confidence-barometer-march-2020.pdf,
https://www.nytimes.com/2020/04/10/business/coronavirus-workplace-automation.htmi and Alex Chernoff and
Casey Warman (2020) “COVID-19 and Implications for Automation™ NBER working paper.
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The right panel of the figure shows a very different picture after the mid-1980s: slower
growth of private sector spending on labor, and subsequently, almost no growth from the late
1990s onwards. This drying up of labor demand in the U.S. economy has many causes, but it is
fundamentally related to the changing nature of technology. From the mid-1980s onwards, there
is faster automation and automation-related displacement of workers from U.S. industry, and
much less rapid introduction of other technologies that would increase human productivity and

opportunities. 2

The adoption of industrial robots, a typical example of automation technologies,
illustrates these implications. Robots have raised productivity in many parts of modern
manufacturing. But their impact on labor has been more mixed. Local communities where
businesses have adopted more robots have experienced employment and wage declines (relative
to the rest of the U.S.).* While robots impacted a relatively narrow segment of the US workforce
(manufacturing workers specialized in production tasks), the substitution of algorithms and

software for white-collar tasks probably had even more sweeping consequences.

The next phase of automation, relying on Al and Al-powered machines, such as self-
driving cars, can be even more disruptive, especially if it is not accompanied with other types of

more human-friendly technologies.

The imbalance of technology may also be partly responsible for the disappointing

productivity performance of the American economy. Despite the bewildering array of new

2 Acemoglu, Daron and Pascual Restrepo {2019) “Automation and New Tasks: How Technology Changes Labor
Demand.” Journal of Economic Perspectives, 33(2}: 3--30.

3 Acemoglu, Daron, and Pascual Restrepo (2020} “Robots and jobs: Evidence from US labor markets.” Journal of
Political Economy 128(6): 2188-2244.
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machines and algorithms all around us, productivity growth in the U.S. economy has much lower
rates of productivity growth over the last 20 years than during the decades that followed World
War IL# Even though information and communication technology (ICT) has advanced rapidly
and is used in every sector of the economy, industries that use ICT more intensively have not
performed better in terms of productivity, output or employment growth.® The reasons for stow
productivity growth over the last two decades are not well understood. But one contributing
factor appears to be that many automation technologies, such as self-checkout kiosks or

automated customer service, are not generating much productivity growth.

The implications of our recent unbalanced technological portfolio and the resulting
slowdown in private sector labor demand are widespread and include: the sizable decline in the
share of labor in national income (driven partly by the reduced role of labor in the production
process); the stagnation of middl